Building on the closeness and long-term relationships between buyers and suppliers is critical success factor to establish the supply chain system. Therefore, supplier ranking problem becomes the most important issue to implement a successful supply chain system. Current models of suppliers ranking assume complete discretionary of decision making criteria and do not assume suppliers ranking in the conditions that some factors are nondiscretionary. This paper proposes a method for ranking suppliers in the presence of nondiscretionary factors. A numerical example demonstrates the application of the proposed method.
Introduction
Managing the purchasing task in the supply chain has been a challenge in the last decade for many corporations. The need to gain a global competitive edge on the supply side has increased substantially. Particularly for companies who spend a high percentage of their sales revenue on parts and material supplies, and whose material costs represent a larger portion of total costs, savings from supplies are of particular importance. Moreover, the emphasis on quality and timely delivery in today ' s globally competitive marketplace adds a new level of complexity to outsourcing and supplier ranking decisions. These, strongly urge for a more systematic and transparent approach to purchasing decision making, especially regarding the area of supplier ranking. Ranking the suppliers significantly reduces the purchasing cost and improves corporate competitiveness, which is why many experts believe that the supplier ranking is the most important activity of a purchasing department. Supplier ranking is the process by which suppliers are reviewed, evaluated, and chosen to become part of the company ' s supply chain. Shin et al. (2000) argue that several important factors have caused the current shift to single sourcing or a reduced supplier base. First, multiple sourcing prevents suppliers from achieving the economies of scale based on order volume and learning curve effect. Second, multiple supplier system can be more expensive than a reduced supplier base. For instance, managing a large number of suppliers for a particular item directly increases costs, including the labor and order processing costs to managing multiple source inventories. Meanwhile multiple sourcing lowers overall quality level because of the increased variation in incoming quality among suppliers. Third, a reduced supplier base helps eliminate mistrust between buyers and suppliers due to lack of communication. Fourth, worldwide competition forces firms to find the best suppliers in the world.
Discretionary models for evaluating the efficiency of suppliers assume that all criteria are discretionary, i.e., controlled by the management of each supplier and varied at its discretion. Thus, failure of a supplier to produce maximal output levels with minimal input consumption results in a decreased efficiency score. In any realistic situation, however, there may exist exogenously fixed or nondiscretionary criteria that are beyond the control of a management. Instances include snowfall or weather in evaluating the efficiency of maintenance units, soil characteristics and topography in different farms, number of competitors in the branches of a restaurant chain, age of facilities in different universities, and number of transactions (for a purely gratis service) in library performance. Banker and Morey (1986) illustrate the impact of exogenously determined inputs that are not controllable in an analysis of a network of fast food restaurants. In their study, each of the 60 restaurants in the fast food chain consumes six inputs to produce three outputs. The three outputs (all controllable) correspond to breakfast, lunch, and dinner sales. Only two of the six inputs, expenditures for supplies and expenditures for labor, are discretionary. The other four inputs (age of store, advertising level, urban/rural location, and presence/absence of drive-in capability) are beyond the control of the individual restaurant manager. Their analysis clearly demonstrates the value of accounting for the nondiscretionary character of these inputs explicitly in the Data Envelopment Analysis (DEA) models they employ; the result is identification of a considerably enhanced opportunity for targeted savings in the controllable inputs and targeted increases in the outputs. In the case of ranking of suppliers, distance and supply variety are generally considered nondiscretionary criterion.
The objective of this paper is to propose a method for ranking suppliers in the presence of nondiscretionary factors. This paper proceeds as follows. In Section 2, literature review is presented. Proposed method for ranking suppliers in the presence of nondiscretionary factors is introduced in Section 3. Section 4 summarizes the algorithm of suppliers ranking. Numerical example and managerial implications are discussed in Sections 5 and 6, respectively. Concluding remarks are discussed in Section 7.
Literature review
Some mathematical programming approaches have been used in the past. Vokurka et al. (1996) proposed to incorporate expert system technology into a decision-support framework. Their expert system integrates the judgment and expertise of purchasing professionals with the formal approaches of earlier works. Choy et al. (2002) presented an Intelligent Supplier Management Tool (ISMT) using the Case-Based Reasoning (CBR) and Neural Network (NN) techniques to select and benchmark suppliers. Humphreys et al. (2003) introduced a framework for integrating environmental factors into the supplier selection process. They developed a decision support tool which helps companies to integrate environmental criteria into their supplier selection process.
Subsequently, a framework of the supplier selection process which incorporates environmental performance is developed. In their framework, the user should give weightings to the environmental categories in order to represent its importance in the analysis. Weber (1996) demonstrated how DEA can be used to evaluate vendors on multiple criteria and identified benchmark values which can then be used for this purpose. Braglia and Petroni (2000) described a multiple attribute utility theory based on the use of DEA, aimed at helping purchasing managers to formulate viable sourcing strategies in the changing market place. Weber et al. (2000) presented an approach for evaluating the number of vendors to employ in a procurement situation using Multi-Objective Programming (MOP) and DEA. The approach advocates developing vendororder quantity solutions (referred to as supervendors) using MOP and then evaluating the efficiency of these supervendors on multiple criteria using DEA. Forker and Mendez (2001) proposed an analytical method for benchmarking using DEA that can help companies identify their most efficient suppliers, the suppliers among the most efficient with the most widely applicable Total Quality Management (TQM) programs, and those suppliers who are not on the efficient frontier but who could move toward it by emulating the practices of their "best peer" supplier(s). To select appropriate suppliers, Talluri et al. (2006) suggested a Chance-Constrained Data Envelopment Analysis (CCDEA) approach in the presence of multiple performance measures that are uncertain.
To perform the supplier assessment, Kwong et al. (2002) introduced a combined scoring method with fuzzy expert systems approach. Lin and Chen (2004) To incorporate the imprecise aspiration levels of the goals, they formulated a vendor selection problem as a fuzzy mixed integer goal programming that includes three primary goals: minimizing the net cost, minimizing the net rejections, and minimizing the net late deliveries subject to realistic constraints regarding buyer s performance by adopting an evolutionary fuzzy system. One of the key considerations in designing the proposed system is the generation of fuzzy rules. A genetic algorithm-based methodology is developed to evolve the optimal set of fuzzy rule base, and a fuzzy inference system of the MATLAB fuzzy logic toolbox is used to assess the supplier ' s performance. Bhutta and Huq (2002) illustrated Total Cost of Ownership (TCO) and AHP approaches and provided a comparison. They concluded that TCO is better suited to those situations where cost is of high priority and detailed cost data are available to make comparisons. In the case of AHP, it is better suited to solve and decide between suppliers when several conflicting goals exist and, though cost may be an important factor, it is not the overriding one. Dahel (2003) presented a multiobjective mixed integer programming approach to simultaneously determine the number of vendors to employ and the order quantities to allocate to these vendors in a multiple-product, multiple-supplier competitive sourcing environment. Çebi and Bayraktar (2003) proposed an integrated model for supplier selection. In their model, supplier selection problem has been structured as an integrated Lexicographic Goal Programming (LGP) and AHP model including both quantitative and qualitative conflicting factors. Karpak et al. (2001) presented one of the "user-friendly" multiple criteria decision support systems-Visual Interactive Goal programming (VIG). VIG facilitates the introduction of a decision support vehicle that helps improve the supplier selection decisions. Hajidimitriou and Georgiou (2002) presented a quantitative model, based on the Goal Programming (GP) technique, which uses appropriate criteria to evaluate potential candidates and leads to the selection of the optimal partner (supplier). To take into account both cardinal and ordinal data in supplier selection, Wang et al. (2004) developed an integrated AHP and Preemptive Goal Programming (PGP) based methodology.
To decide the total ranking of the suppliers, Liu and Hai (2005) compared the weighted sum of the selection number of rank vote, after determining the weights in a selected rank. They presented a novel weighting procedure in place of pairwise comparison of AHP for selecting suppliers. They provided a simpler method than AHP that is called voting analytic hierarchy process, but which do not lose the systematic approach of deriving the weights to be used and for scoring the performance of suppliers. Arunkumar et al. (2006) proposed a GP model for supplier selection with quantity discounts. They converted the piecewise linear problem into an easier linear problem, thereby decreasing the complexity of the problem. Stadtler (2007) presented a linear mixed integer programming (MIP) model, which not only represents the all-units discount but also the incremental discount case. Furthermore, the objective function chosen resolves conflicts among proponents of a purely cost oriented and a cash flow oriented modeling approach.
Xia and Wu (2007) proposed an integrated approach of AHP improved by rough sets theory and multi-objective mixed integer programming to simultaneously determine the number of suppliers to employ and the order quantity allocated to these suppliers in the case of multiple sourcing, multiple products, with multiple criteria and with supplier s supply capabilities and customer needs over a period in time. Ustun and Demirtas (2008) developed an integrated approach of analytic network process (ANP) and multi-objective mixed integer linear programming (MOMILP). The integrated approach considers both tangible and intangible factors in choosing the best suppliers and defines the optimum quantities among selected suppliers to maximize the total value of purchasing (TVP), and to minimize the total cost and total defect rate and to balance the total cost among periods. The priorities are calculated for each supplier by using ANP. Gencer and Gürpinar (2007) used ANP in supplier selection. They evaluated the relations between supplier selection criteria in a systematic feedback.
Ross and Droge (2002) measured distribution center productivity in a large scale setting, and identified distribution centers with consistent best performance using facet analysis, and detected performance trends using window analysis of 4 years data. Talluri and Baker (2002) presented a multi-phase mathematical programming approach for effective supply chain design. More specifically, they developed and applied a combination of multi-criteria efficiency models, based on game theory concepts, and linear and integer programming methods. Talluri and Narasimhan (2003) proposed a max-min productivity based approach that derives vendor performance variability measures, which are then utilized in a nonparametric statistical technique in identifying vendor groups for effective selection. Lasch and Janker (2005) used Gittins indices to optimally select a supplier. Smith et al. (2006) presented a set of stochastic models that explicitly incorporate interaction between co-suppliers and the interaction between the suppliers' characteristics and the ordering policy used by the buyer. The results show that taking into account the ordering policy and the interaction effects it can induce can lead to co-supplier evaluations that can differ significantly from those obtained from existing models that do not consider these effects.
However, all the aforementioned references are based on complete discretionary of decision making criteria and do not consider suppliers ranking in the conditions that some factors are nondiscretionary. Although, Liu et al. (2000) proposed to employ DEA (Banker and Morey ' s (1986) model) for selecting the best suppliers in the presence of nondiscretionary criteria, but they did not introduce a model which ranks the suppliers in the presence of nondiscretionary criteria.
To the best of author ' s knowledge, there is not any reference that discusses suppliers ranking in the conditions that some factors are nondiscretionary.
Proposed method for ranking suppliers in the presence of nondiscretionary factors
To deal with nondiscretionary factors, Banker and Morey (1986) Omitting the column corresponding to DMU p , the DMU under consideration, the ranking model is obtained as follows (Jahanshahloo and Afzalinejad (2006) ): where w p is a free variable and 1 is a vector of ones. Model (2) by decreasing inputs and increasing outputs of the DMU under consideration by equal sizes, project it on the frontier. Simultaneous changes in input and output are equal in size because otherwise due to giving different preferences to them, the problem becomes a multi objective programming one and hence yielding a complex situation. Since the inputs and outputs are not homogeneous and scale of objective function in model (2) is depended on the units of measurement of input and output data, unit independence is obtained by normalization, e.g. dividing each input and output to the largest of them as one of the techniques for normalization.
In the meantime, outcome of output oriented version of DEA models is an efficiency score equal to one to efficient DMUs and more than one to inefficient DMUs. So, for inefficient DMUs a ranking is given but efficient DMUs can not be ranked. One problem that has been discussed frequently in the DMUs ranking literature, has been the lack of discrimination in DEA applications, in particular when there are insufficient DMUs or the number of inputs and outputs is too high relative to the number of DMUs. In the supplier selection problem a difficulty arises when attempting to identify the "best", when multiple candidates have an efficiency score of 1. If a decision maker arbitrarily selects an efficient supplier, then there is a possibility that this system is a niche member performing well on few inputs and outputs, and doing poorly with a majority of input-output measures. To rank the suppliers, this calls for a DEA model so that the nondiscretionary criteria can be compensated by other discretionary criteria. The key to the proper mathematical treatment of a nondiscretionary variable lies in the observation that information about the extent to which a nondiscretionary output variable may be increased is not meaningful for the DMU manager. By combining ideas of models (1) and (2) Since the inputs and outputs are not homogeneous and scale of objective function in model (3) is depended on the units of measurement of input and output data, unit independence is obtained by normalization, e.g. dividing each input and output to the largest of them as one of the techniques for normalization.
The algorithm
Discussions in Section 3 can be summarized as follows:
1. Normalize data set: divide each input and output to the largest related number of the input or output.
2. To determine efficient DMUs, run model (1) for each DMU: note that the outcome of model (1) is an efficiency score equal to one to efficient DMUs and more than one to inefficient DMUs. In other words, the higher the value of objective function of model (1), will result to less efficiency of the DMU under consideration. If the value of objective function equals to 1, the DMU under consideration will be efficient.
To select a DMU from those are efficient, if there is multiple efficient DMUs, model (3) is
used for each efficient DMU: as addressed in the previous step, inefficient DMUs could be ranked easily but efficient DMUs can not be ranked. To obviate the lack of discrimination problem in efficiency scores, model (3) is applied.
Rank the DMUs in increasing order of their objective values:
to sort the DMUs based on their efficiency scores, in this step, the DMUs are ranked in ascending order of their efficiency scores.
5. Select the DMU with the least objective value as the best candidate: in this step the best DMU (i.e., the DMU with the least efficiency score) is selected.
Numerical example
For illustration purposes, the problem of suppliers ranking is introduced. The data set for this example contains specifications on 12 suppliers. The performance measures utilized were cost, R&D expenditures, and supplier variety (The inputs and outputs selected in this paper are not exhaustive by any means, but are some general measures that can be utilized to evaluate suppliers.
In an actual application of this methodology, decision makers must carefully identify appropriate inputs and outputs measures to be used in the decision making process). Cost was used in some sense as input for the DEA model. R&D expenditures and supplier variety were considered as outputs. Moreover, assume that supplier variety is a nondiscretionary variable, i.e., this factor is exogenously fixed and could not be increased by suppliers (at least in short-term). Table 1 depicts the supplier attributes. Now, each input and output is divided by the largest related number of the input or output. Table 2 shows the normalized data set.
In Table 3 , the efficiency results by using model (1) have been displayed. Since the value of objective function of suppliers 1, 5, and 7 are equal to 1, so these suppliers are efficient. The problem now becomes selecting a supplier from those three. To select a supplier from the top three suppliers in Table 3 , model (3) is used. In Table 4 , the ranking results by using model (3) have been displayed. The suppliers have been ranked in increasing order of their objective values. As Table 4 shows, supplier 7 is the most efficient supplier and is the first candidate for selection.
Managerial implications
With the widespread use of manufacturing philosophies such as Just-In-Time (JIT), emphasis has shifted to the simultaneous consideration of multiple criteria in supplier selection process. In today ' s competitive operating environment, it is impossible to successfully achieve low cost, high quality products without having satisfactory suppliers. Thus, one of the most important procurement decisions is the selection and maintenance of the best suppliers.
Purchasing materials have long been recognized as a multi-criteria problem. The joint consideration of multiple criteria complicates the selection decision, even in the case of experienced purchase managers, because competing suppliers have different levels of success under multiple criteria. For example, the supplier with the lowest price in a given industry may not have the best delivery performance or product quality.
The supplier ranking approach developed in this paper includes a number of attractive features that are as follow:
• This paper proposed an approach capable of treating nondiscretionary factors that are beyond the control of a DMU manager.
• The proposed approach considers multiple criteria in the presence of nondiscretionary factors. This helps managers to select suppliers using a comprehensive approach that goes beyond just purchase costs.
• The proposed approach is computationally efficient and can be solved in a few seconds on a personal computer.
Concluding remarks
Many practitioners and researchers have presented the advantages of supply chain management.
In order to increase the competitive advantage, many companies consider that a well-designed and implemented supply chain system is an important tool. Under this condition, building on the closeness and long-term relationships between buyers and suppliers is critical success factor to establish the supply chain system. Therefore, supplier ranking problem becomes the most important issue to implement a successful supply chain system. This paper proposed a method for ranking suppliers in the presence of nondiscretionary factors.
The problem considered in this study is at initial stage of investigation and many further researches can be done based on the results of this paper. Some of them are as follows: Similar research can be repeated for the cases of imprecise data, stochastic data, and generally, suppliers ranking under uncertainty when some factors are nondiscretionary. Other potential extension to the methodology includes the case that some of the suppliers are slightly non-homogeneous. One of the assumptions of all the classical models of DEA is based on complete homogeneity of DMUs (suppliers), whereas this assumption in many real applications cannot be generalized. In other words, some inputs and/or outputs are not common for all the DMUs occasionally. Therefore, there is a need to a model that deals with these conditions. 
